This paper examines if Minority small business borrowers have the same access to loans from financial institutions as similar White borrowers. Using matching methods, we find that African-American borrowers are rejected at a higher rate (17-33% higher) than similar risk Whiteowned firms. We find that the impact of unobservable variables has to be greater than 50%-60% the impact of observable variables to show no discrimination. This bound seems to be a high number given that we have controlled for a comprehensive list of borrower credit risk variables that include their actual credit score and wealth. If the effect of the unobservable variables is less than this bound, then we have found a causal impact of discrimination for African-American borrowers. No such differential effect is found for Hispanic borrowers. Lumping both races together can give misleading results. Finding higher credit risks, higher rejection rates and equal expected losses for African-American-owned firms is consistent with the statistical or information based theory of discrimination.
Introduction
The importance of small business to economic growth and employment has long been understood by both policy makers and academics. For example, Federal Reserve Chairwoman Janet Yellen recently stated "After the onset of the crisis, the Federal Reserve took extraordinary steps to stabilize the financial system and halt the plunge in economic activity. Since then the Fed has continued to use its monetary-policy tools to promote the recovery… Crucial to this process… is job creation. … Small businesses, of course, are responsible for a large share of these new jobs." 2 See Section 3 of this paper for details on the literature on discrimination.
3 See Imbens and Ruben (2014) and Section 2 of this paper for a detailed explanation of these methods.
and Rubin (2014 p.7) state: "Another interesting comparison is to the "but for" concept in legal settings. Suppose someone committed an action that is harmful, and a second person suffered damages. From a legal perspective, the damage that the second person is entitled to collect is the difference between the economic position of the plaintiff had the harmful event not occurred (the economic position 'but for' the harmful action), and the actual economic position of the plaintiff.
Clearly, this is a comparison of the potential outcome that was not realized and the realized potential outcome, this difference being the causal effect of the harmful action (emphasis added)."
In our setting, we are able to mimic in actual data an experimental audit study wherein similar credit-risk firms are randomly assigned to lenders but differ only in one dimension, namely, the race of their principal owner (the Imbens and Rubin (2014) 'but for' argument). We test and find
African-Americans to have significantly different characteristics/risks than White borrowers, making the probit/logistic regression coefficients biased (see Rubin (1973a Rubin ( ,b, 1979 , Imbens and Wooldridge (2008) and Section 2 of this paper for details). Additionally, in the criticism of experimental audit studies, Heckman and Seligman (1992) and Heckman (1998) argue that testers are either consciously or unconsciously trained to look for effects that are consistent with their beliefs, is generally not market data, and that it is extremely hard to erase all possible differences in the audit pair due to unobservable effects. Given that we are creating a pseudo-random experiment using actual market data and can measure the impact of unobservable variables on our results, we are not subject to these criticisms and have improved on the experimental audit study.
Second, and importantly, we check whether unobservable variables significantly bias our tests of discrimination. These unobservable variables could be quantifiable (such as the lenders screening methodology) but are not included as we do not have access to such data, or nonquantifiable (such as the borrower's bargaining power). Although we have included a large set of covariates one cannot completely control for all unobservable variables. Therefore, we bound our point estimates. In doing so, we are the first paper to use the Rosenbaum bounds (2002) 4 to capture the impact of unobservable variables on the probability of being denied credit. Third, we separately analyze African-American-owned firms and Hispanic-owned firms rather than lumping them together as minorities. Finally, we use two databases, the Survey of Small Business Finance (SSBF) and the Kaufman Firm Survey (KFS), and find similar results for African-American borrowers. Therefore, our results, which are admittedly based on relatively small non-overlapping samples, are robust.
We find the following results. First, we find that African-American-owned firms have higher credit risks than White-owned firms. They also face a much higher denial rate than Whiteowned firms. Second, controlling for observable credit risk differences, we find that African
American-owned firms have lower access to capital than White-owned firms. They are generally rejected at a higher rate (17-33% higher) than similar risk White-owned firms. Third, using the Rosenbaum (2002) bounds test, we find that the impact of unobservable variables has to be greater than 50%-60% the impact of observable variables to show no discrimination. This bound seems to be a high number given that we have controlled for a comprehensive list of borrower credit risk variables that include their actual credit score and wealth. If the effect of the unobservable variables is less than this bound, then we have found a causal impact of race on access to capital for African American-owned small business firms. Fourth, we find that Hispanic-owned firms do not generally have higher credit risks than White-owned firms. The only variable of statistical significance is that they have a lower wealth. They also do not face a higher denial rate than White-owned firms.
4 See Section 5.3 of this paper for further details.
This suggests that controlling for credit risk, there is no causal impact of access to capital between Hispanic-owned and White-owned firms. Lumping Hispanic-owned with African-American owned firms as minority-owned firms is therefore not optimal. Fifth, our results are robust to three different causal inference methods, namely, propensity score matching, inverse probability weighting matching, and nearest neighbor matching. Sixth, we find a similar expected loss of default between
African-American-owned and White-owned firms. Finding higher credit risks, higher rejection rates and equal expected losses for African-American-owned firms is consistent with the statistical or information-based theory of discrimination.
There are three limitations of this study. First, on the one hand, we have used Dun and Bradstreet's business credit score which is independently verified by KFS, and is not self-reported by the borrower or the lender and is therefore not subject to manipulation. On the other hand, the lending officer might rely on a credit bureau such as Equifax, Experian or Trans Union. There might not be a high correlation between these credit scores. Second, the number of African American and Hispanic principal owners who borrow from banks in our sample is small. Finding a statistical significant result in a small sample increases the chances that the actual impact might be higher if we had a larger sample. But having a small sample suffers from the limitation that these observations may not be representative of the full population. That said, what we need and have for good matching is a large sample of White borrowers for each Minority borrower to match to. Finally, our finding of no discriminatory effect for Hispanic borrowers relies on our classification that all Hispanics are the same. It is often argued that there are significant differences between the sub-categories of Hispanics such as Mexicans, Cubans, Salvadorans, etc. We are unable to make such distinctions due to data limitations.
The paper proceeds as follows. Section 2 explains the causal inference methods and Section 3 describes the related literature. Section 4 describes our data and variables used in the analysis, and Section 5 presents our results. Section 6 concludes.
Causal Inference Methods
Causal inference is inherently a comparison of potential outcomes (see Rubin (1974) and Holland (1986) ). The causal effect for individual i is the comparison of individual i's outcome if the individual receives the treatment (Yi(1)), and the same individual's outcome if she receives the control (Yi(0)). Causality is hence defined as equal to Yi(1) -Yi(0). In our setting, outcomes are if the borrower applicant is granted or denied the loan; and treatment is if the applicant is a minority borrower and control is if the applicant is a white borrower. The causal question is whether being a minority borrower increases your loan denial rate, ceteris paribus. One observes that minorities had higher loan denial rates on applying for a loan. The question of causality implies that had the borrowers not been minorities, ceteris paribus, they would not have been rejected at such high rates.
But estimating causality is challenging. The fundamental problem of causal inference (Holland 1986 ) is that for each individual borrower we can observe only one of these potential outcomes. In our setting, we can observe if a minority or white borrower was either denied or granted a loan, and not both. The estimation of causal effects can thus be thought of as a missing data problem (Rubin 1976) . We would like to compare treated (R=1 for minority) and control (R=0) groups who are very similar in observable risk variables X. 5 We use three matching methods which we describe below.
Propensity score matching:
The first method is the propensity score method. Let us define the propensity score ρ(X) as the selection probability conditional on the observable risk variables X, namely, ρ(X) = Pr (R = 1 | X). Under two assumptions, one, the treatment assignment R is independent of potential outcomes Yi(1) and Yi(0), namely Yi(1), Yi(0) ⊥ R | X; and two, often called the "common support" assumption wherein there is a positive probability of receiving treatment for all values ( i.e., 0 < Pr (R=1 |X) < 1). Rosenbaum and Rubin (1983) prove that conditioning on the propensity score is equal to having independence between the treatment indicator R and potential outcomes Yi(1), Yi(0). In other words,
The above equation results in a substantial reduction in the dimensionality of the matching variables as one does not need to match on the covariates. In the actual estimation we use a logistic regression to estimate ρ(X). Abadie and Imbens (2012) derive the standard errors for such an estimate.
Inverse probability weighting estimator: The inverse probability weighting estimator uses weighted averages of the observed outcome variable to estimate the means of the potential outcomes. Each weight is the inverse of the estimated probability that an individual is a minority.
Outcomes of individuals who are more likely to be a minority borrower get a weight close to one, and outcomes of individuals who are more likely to be a white borrower receive a weight greater than one. As the propensity score ρ(X) is the probability of being a minority borrower conditional on the observable risk variables X, the weights are therefore ρ(X) and 1-ρ(X).
6 the means and variances between the treated and control groups. We show in section 5.1 of this paper that there are significant differences between such observable characteristics of our sample. 6 See Busso, DiNardo and McCrary (forthcoming) for conditions wherein this method works well.
Nearest neighbor matching estimator:
Rather than conditioning on the probability of being a minority, the nearest neighbor matching estimator conditions on the covariates X directly. This estimator is nonparametric in that it has no functional form (as opposed to the logistic regression we used in the above two methods), but comes with a price. It converges to the true value at a rate of square root of the sample size. 7 We use matching with replacement to reduce the bias.
Related Literature
The study of discrimination in law and economics began with the seminal paper by Becker (1957) . 8 Under what is now often called the taste-based theory of discrimination, the motive that drives the discriminatory behavior is animus or prejudice towards a particular group. That is, lenders bear some psychic costs of prejudice when interacting with certain minority groups.
Whereas the motive under Becker (1957) is explicit, Bertrand, Chugh, and Mullainathan (1995) offer a refinement of motive, namely that discrimination can take place through "implicit" attitudes which are unconscious mental associations towards agents of a certain group. These implicit associations are often fleeting and impulsive rather than deeply thought and rational. Under this theory, lenders inaccurately perceive Minority borrowers to have lower credit risks than White borrowers and therefore reject them more often. Therefore the loans that are approved to Minority borrowers have to have a higher profitability or a lower expected rate of default than loans that are approved to White borrowers. Accordingly, if taste-based discrimination is to be confirmed we 7 See Abadi and Imbens (2006 Imbens ( , 2011 .
8 The theoretical papers generally focus on the labor market between employers and employees. For ease of explanation, we rephrase their arguments in terms of lenders and borrowers.
would expect to find Minorities to have higher loan rejection rates and lower expected default rates than Whites.
Alternatively, under the information-based or statistical discrimination theory of , Arrow (1972) , and Bordalo, Gennaioli and Shleifer (2014) , the motive that drives the agent's behavior is expected profit maximization. In an imperfect information world, economic agents discriminate against certain groups because they believe or speculate these groups have lower credit quality, which will reduce their profit. In Arrow (1972) and , stereotypes are accurate as they fill up for missing information. In Bordalo, Gennaioli and Shleifer (2014) , the decision maker only recalls the group's most representative or distinctive group characteristic.
Stereotypes are inaccurate because the decision maker's beliefs overreact to information that confirms the stereotype (exhibiting 'confirmation bias') and their beliefs ignore any information that contradicts the stereotype (exhibiting 'base rate neglect'). Interestingly, in these models the lender's biased beliefs are confirmed in equilibrium, even though the ex ante probability of loss is identical. If information-based or statistical discrimination is to be confirmed, we would expect to find Minorities to have higher loan rejection rates and expected default rates that are equal to those of Whites.
Empirical studies have examined discrimination in different settings, from home mortgages, to the goods and services market, to labor market hiring. With respect to home mortgages, studies have found that the likelihood of denial by a lender is higher if the borrower is from a minority racial group (for example, Black et al. (1978) , Holmes and Horvitz (1994) , Berkovec et al. (1998 ), Munnell et al. (1996 , Ross and Yinger (1999) , Clarke, Roy and Courchane et al. (2009), and Yu (2012) ).The above papers conduct regression analysis using actual market data. In contrast, Ayres and Siegelman (1995) (2000) find that hiding the identity of a musician via a screen increased the probability of female musicians being hired by symphony orchestras.
Fershtman and Gneezy (2001) find evidence of ethnic discrimination by Israeli Jewish males towards men of Eastern origin in a game of trust. In response to help-wanted ads, Bertrand and Mullainathan (2004) find that "black-sounding" names such as Lakisha and Jamal were less likely to be called back for job interviews than "white-sounding" names such as Emily and Greg. In different experiments, Gneezy, List and Price (2012) find discriminatory behavior against females, sexual orientation, disabled, non-whites and the elderly in different settings. They find support for information-based discrimination when the source of discrimination is uncontrollable (such as race, gender), and for taste-based discrimination when it is perceived to be controllable (such as sexual orientation).
More directly relevant to this study, a number of papers have examined whether
AfricanAmerican and Hispanic small business borrowers have the same loan acceptance rates as White small business borrowers. 9 Bates (1997), Bostic and Lampani (1999) American small business borrowers have a lower loan acceptance rate than White small business borrowers. All the above papers are limited in that they cannot claim a causal effect of discrimination, as the race variable is correlated with the credit-risk covariates, (a result we will show later). As they are not an experimental audit study, they are unable to create a random sample of observationally equivalent small business borrowers that only differ in their race. By using our causal inference methodology, we are able to create a pseudo-random experiment using actual market data that successfully addresses the criticism of experimental audit studies by Heckman and Seligman (1992) and Heckman (1998) . Additionally, we ensure that our results are not generally impacted by unobservable variables.
Data and Variables
We use two databases, For both the SSBF03 and KFS08 samples, we create a variable, reject, that is a dummy variable that is set to unity if loan application is denied, and set to zero if it is always approved or sometimes approved or denied. We also create a dummy variable African-American, which is set to unity if the borrower is African-American, and set to zero if the borrower is White. A similar dummy variable for Hispanic borrowers (Hispanic) is created. All variables are summarized in To create our covariates, we begin by examining the more comprehensive database SSBF03. We first include the borrower's credit risk variable, credit risk, which we define as Dun & Bradstreet's business credit score. SSBF has the following categories: one equal to the most risky scores, namely 0-10; two equal to 11-25; three equal to 26-50; four equal to 51-75; five equal to 76-90; and six equal to the least risky scores, namely, 91-100. Note that in SSBF03, a higher value for credit risk denotes more risky firms. We control for the borrowing firm's size (size) which is defined as the natural logarithm of total assets, and age (age) defined as the number of years the business has been established under the current owner. We set a dummy variable company that is set to unity if the organization form of the borrower is a limited liability company, and set to zero otherwise. To further control for the firm's financial health we include: the firm's profitability (profit), defined as the ratio of net income to total assets; debt, defined as the ratio of all liabilities excluding equity to total assets; cash, the ratio of cash holdings to total assets; and f_bankrupt, which is set to unity if in the past seven years the firm has declared bankruptcy, or if the firm in the past three years has had any business obligation due for 60 days or more, or has any business judgments rendered against them, and zero otherwise.
We also include the risk characteristics of the business owner. We begin by including a variable that captures the borrower's wealth (wealth), defined as the net worth of the borrower that does not include the value of her primary home or the current business. We also include a variable that captures the personal financial distress of the business owner. We define a variable p_bankrupt, which is set to unity if in the past seven years the business owner has declared bankruptcy, or if in the past three years the business owner has had any business obligation due for 60 days or more, or has any business judgments rendered against her, and zero otherwise.
To control for rents from future income, we include education, defined as the borrower's education level. SSBF03 has the following categories for the highest level of education the borrower has received: one equal to less than high school; two equal to high school graduate or GED; three equal to some college but no degree; four equal to associates degree in occupational or academic fields; five equal to associates degree in trade or vocational fields; six equal to bachelors;
and seven equal to master's and other postgraduate degrees. We control for differences in the borrower's experience by including the number of years she has worked managing or owning a business (experience).We include a dummy variable gender that is set to unity if the borrower is female, and zero if the borrower is a male. 11 It is possible that managerial agency issues of corporate ownership impacts the effort put forward by the borrower in making her firm successful.
We therefore include as a control variable, ownership, defined as the percentage ownership of the borrower in the firm.
We also control for lender characteristics that might influence whether a small business owner is granted credit or not. Petersen and Rajan (1994) show that lending rates to small businesses are lower when the borrower and the bank have a longer relationship. They also show that this relationship is affected by the market power of the lending institution. Accordingly, we define a variable relation which is calculated as the number of months the borrowing firm has had a lending relationship with their lender; and a variable hhi equal to one if the Herfindahl Hirschman Index (HHI) is between 0 and 1000, equal to two if HHI between 1001 and 1799, and equal to three if HHI greater than or equal to 1800. Berger et al. (2005) shows that small banks are better in processing soft information of small business borrowers by being close to them geographically and communicating with them in person rather than the more distant large banks. We therefore include the variable distance defined as the distance in miles between the borrower's and lender's offices.
To control for industry effects we set a dummy variable equal to one if the two-digit SIC code is in mining (10-14); equal to two if the two-digit SIC code is in construction ( size which is equal to one if firm asset size is equal to $500 or less; equal to two if firm asset size is between $501 and $1,000; equal to three if firm asset size is between $1,001 and $3,000; equal to four if firm asset size is between $3,001 and $5,000; equal to five if firm asset size is between $5,001 and $10,000; equal to six if firm asset size is between $10,001 and $25,000; equal to seven if firm asset size is between $25,001 and $100K; equal to eight if firm asset size is between $100,001 and $1M; and equal to nine if firm asset size is greater than $1,000,000.
KFS08 has the following categories for both gross profit and loss of the business: zero equal to $0; one equal to $500 or less; two equal to $501-$1,000; three equal to $1,001-$3,000;
four equal to $3,001-$5,000; five equal to $5,001-10,000; six equal to $10,001-$25,000; seven equal to $25,001-$100K; eight equal to $100,001-$1M; and nine equal to $1,000,001 and more.
For each of them we use midpoint of each category and then take gross profits less losses (if any) to calculate profit. KFS08 has the following categories for wealth of the borrower: one equal to negative or zero net worth; two equal to $41-$50K; three equal to $51-$100K; four equal to $100,001-$250K; and five greater than $250K. KFS08 has the following categories for education:
one equal to less than 9 th grade; two equal to some high school but no diploma; three equal to high school graduate or GED; four equal to technical or vocational degree; five equal to some college but no degree; six equal to associate's degree; seven equal to bachelor's degree; eight equal to some graduate school but no degree; equal to master's degree; and ten equal to professional school or doctorate. Experience is defined as the number of years the business owner has worked in the same industry.
Unfortunately, KFS08 does not provide the actual SIC codes, but provides an industry variable that is a categorized industry variable. Accordingly, we create two dummy variables, hightech and mid-tech to control for industry differences. The dummy variable high-tech is set to unity if the business is in two-digit SIC codes consisting of chemical and allied products, industrial machinery and equipment, electrical and electronic equipment, and instruments and related products, and set to zero otherwise. The dummy variable mid-tech is set to unity if the business is in two-digit SIC codes consisting of petroleum and natural gas operations, cigarettes, miscellaneous textile goods, pulp, mills and miscellaneous converted paper products, petroleum refining and miscellaneous petroleum and coal products, nonferrous rolling and drawing, ordnance and accessories, motor vehicles and equipment, aircraft and parts, guided missiles, space vehicles and parts, miscellaneous transportation equipment, computer and data processing services, engineering and architectural services, research and testing services, management and public relation, and services (not elsewhere classified) and set to zero otherwise.
Tests and Results

Are there observable differences between Minority borrowers and White borrowers?
We begin by examining if there are differences between the observable credits risks and firm characteristics between minority African-American borrowers and White borrowers. The results of such an analysis are given in Table 2 . In Panel A we present the results for differences between African-American borrowers and White borrowers using the SSBF03 sample, in Panel B differences between African-American borrowers and White borrowers using the KFS08 sample, and in Panel C the differences between Hispanic borrowers and White borrowers using the KFS08 sample. We use four types of tests. We explain them in the context of African-American borrowers and White borrowers using the SSBF03 sample, but they are similar for testing differences in the other samples.
*** In Panel B, we repeat the analysis for African-American and White borrowers using the less comprehensive KFS08 sample. One again, we find that African-American borrowers have a statistically significant higher rejection rate (41.3%) than White borrowers (14.8%). On the reduced set of covariates we find that African-American borrowers still have higher credit risks, have lower wealth levels and own a higher percentage of their firm, than White borrowers. We now find an equal probability of African-American borrowers being female when compared to their White counterparts, and a similar result with regard to borrower experience.
We now repeat the analysis for differences between Hispanic and White borrowers in Panel C. We find no significant differences between the rejection rate for Hispanic and White borrowers. The only statistically significant difference in the t-test is that Hispanic borrowers have a lower wealth level than White borrowers.
The above results show that there are significant univariate differences between the credit risks and firm characteristics of African-American borrowers and White borrowers, but there are less significant differences between the credit risks and firm characteristics of Hispanic and White borrowers. We now test if these differences hold up in a multivariate setting using a logistic regression. 12 Although many studies present a pseudo R 2 measure, limited dependent regressions such as logistic are well known to have low pseudo R 2 measures econometrically (see Greene 2011). Additionally, it is challenging to find statistically significant results in a multivariate setting, given that we have 42 (46) African-American borrowers in the SSBF03 (KFS) sample, and 18 (11) independent variables, respectively. In summary, the above results suggest that African-American borrowers have higher credit risks than White borrowers. This result is against the commonly held argument that those African American borrowers who apply for small business loans are better credit risks than Whites who apply for small business loans. Given that it is reasonable that those African-American borrowers who apply are likely to be better than those African-American borrowers who do not apply, it is likely that the latter group (whom we do not observe) have credit risks even worse than the White borrowers who apply. This common argument does not distinguish between the credit risks of White borrowers who do apply or not for a small business loan.
Causal inference tests to examine whether Minority borrowers are rejected more often than comparable White borrowers?
Before one can run the three causal inference methods, Imbens and Ruben (2014) suggest that we should check if the two distributions have common support. We use the min-max condition to find common support. For the SSBF03 sample, we find that the minimum predicted value for AfricanAmerican borrowers is 0.001125 and the maximum predicted value is 0.484648. Similarly, we find the minimum predicted value for White borrowers is 0.00000 and the maximum predicted value is 0.505226. The min-max criteria for common support is therefore 0.001125, 0.484648. We find that 120 of the White borrowers were excluded due to the lack of common support which is confirmed in the kernel density plot of propensity scores in Figure 1 . A similar analysis is undertaken using the KFS08 sample, and the results are given in Figures 2 and 3. ***Figures 1, 2 and 3*** We estimate three causal inference regressions to test whether Minority borrowers are rejected more often than comparable White borrowers. The results of such an analysis are given in Table 4 . The first method, namely the propensity score method, matches the Minority borrower with the closest White borrower by propensity score. We find that an African-American borrower is rejected at a 22-24% higher rate than a similar White borrower. No significant difference for loan rejection rates are found between similar Hispanic and White borrowers. We also estimate the inverse probability weighting estimator. Consistent with our previous result, we find that an African-American borrower is rejected at a 21-33% higher rate than a similar White borrower, whereas there is an insignificant difference for loan rejection rates between similar Hispanic and White borrowers. Using the nearest-neighbor matching procedure, we find that an African American borrower is rejected at a 17-33% higher rate than a similar White borrower, whereas there is an insignificant difference for loan rejection rates between Hispanic and White borrowers. *** Table 4*** In summary, the above results suggest that an African-American borrower is rejected at a higher rate (between 17-33%) than a similar White borrower, suggesting differential access to capital for such borrowers. In contrast, there are no significant differences in loan rejection rates between similar Hispanic and White borrowers. This also suggests that one should not lump the two sub-classes of minorities together.
Impact of unobservable effects on the differential impact on loan rejection rates of
African-American and White borrowers
It is possible that the discriminatory effect that we find for African-American borrowers is because there are unobservable variables that are not included in the two databases. For example, Hubbard, Kuttner and Palia (2002) find that low-capital banks charge higher loan rates to information-captured small borrowers when these banks are hit by a negative shock. Gan and Riddiough (2008) suggest that lenders possess proprietary credit quality information embedded in their screening technologies that is not observable to empirical researchers. The two databases do not provide the name of the lender, and we therefore are not able to control for their characteristics.
Such excluded or unobservable variables could impact our finding for differential access to capital.
For the logistic distribution, Rosenbaum (2002) shows that the odds ratio of two matched individuals (i, j) of receiving treatment is bounded as follows:
where pj and pi are the probability of being treated, and γ is the sensitivity of being treated to unobservable variables. If is equal to unity there is no bias, and increasing e γ reflects the bias of overtreatment in our results. The overtreatment bias can be calculated using the Mantel and Haenszel test statistic.
We provide the p-values of this statistic at different levels of in Table 5 . At the ten-percent level of significance we find that the impact of unobservable variables has to be greater than 50%
(SSBF03 sample), and greater than 60% (KFS08 sample) to have an impact on our results. This suggests that the impact of unobservable variables has to be greater than 50%60% to show no discrimination. The 50%-60% bounds seems to be a high number given that we have controlled for a comprehensive list of borrower credit risk variables that include their actual credit score and wealth. If the effect of the unobservable variables is less than these bounds, we have found a causal impact of race on access to capital for African-American-owned small business firms. *** Table 5***
Tests of taste-based and information-based discrimination theories
The above results have shown that African-American borrowers are rejected at a higher rate than similar White borrowers. There are two possible theories of discrimination that can potentially explain this result. The first is Becker's (1957) taste-based discrimination, wherein lenders reject African-American borrowers due to animus and/or prejudice and are unwilling to bear some psychic costs to interact with such borrowers. The second theory is statistical or information-based discrimination wherein lenders apply group stereotypes in evaluating loan applications (Arrow 1972 , Bordalo, Gennaioli and Shleifer 2014 . In order to distinguish between the taste-based and information-based theories, we create the expected loss of default for the more comprehensive SSBF03 sample. 13 We have shown that African-American borrowers have higher credit risks than White borrowers. . If taste-based discrimination exists, we should find higher rejections rates and lower expected default losses for African-American borrowers than similar White borrowers. Conversely, if statistical or information-based discrimination is to be confirmed we should find higher rejections rates and equivalent expected loss of default for African-American borrowers than similar White borrowers.
The expected loss of default is defined as the probability of default times the size of the loan. As in Dichev (1998) and Griffin and Lemmon (2002), we use Ohlson's (1980) O-score to proxy for the probability of default. 14 The variable O-score is defined as -1.32 -0.407log(assets) income from current year to previous year/ absolute value of change in net income from current year to previous year). We find the average O-score for African-American borrowers to be 0.464, which is statistically significantly higher (at the five percent level) than the 0.283 average O-score for White borrowers. African-American borrowers are found to have higher probabilities of 13 Due to data limitations we are unable to calculate the expected rate of return or the actual rate of default.
14 We are unable to use other measures of default such as Altman's z-score because they require the market value of the firm. Our borrowers are small businesses who are not traded.
defaults at the fifth, tenth, twenty-fifth, fiftieth, and seventy-fifth percentile levels than White borrowers. 15 When we examine loan size, we find that African-American borrowers obtain smaller loans on average (approximately $542K) than White borrowers (approximately $1.74M).
We now conduct the three causal inference tests while replacing the dependent variable loan denial rates with the expected default loss rates. The results of such an analysis are given in Table 6 . In all three tests we find that African-American borrowers have statistical insignificantly different expected default losses than White borrowers. Finding a higher rejection rate and equal expected loss for African-American-owned firms is consistent with the statistical or informationbased theory of discrimination.
Conclusions
This paper uses two databases to examine if race-based discrimination exists in lending by financial institutions to small businesses. We are the first paper to use matching methods to test if there is a causal impact of race on access to entrepreneurial loan capital from financial institutions.
These methods allow us to control for observable differences in credit risks between Minority-and White-owned startup firms. In other words, we are able to mimic in actual data, an experimental audit study wherein similar credit-risk firms are randomly assigned to lenders but differ only in one dimension, namely, the race of their principal owner. In the criticism of experimental audit studies, Heckman and Seligman (1992) and Heckman (1998) argue that testers are either consciously or unconsciously trained to look for effects that are consistent with their beliefs, and that it is extremely hard to erase all possible differences in the audit pair due to unobservable effects. Given that we are creating a pseudo-random experiment using actual market data and can measure the impact of unobservable variables on our results, we are not subject to these criticisms and have improved on the experimental audit study.
We find that African-American-owned firms have higher credit risks than White-owned firms and have a higher loan rejection rate than White-owned firms. This suggests that the previous literature's probit/logistic regression coefficients are biased. Controlling for observable credit risk differences, we find that African-American-owned firms have lower access to capital than Whiteowned firms. They are generally rejected at a higher rate (17-33% higher) than similar risk Whiteowned firms. Third, using the Rosenbaum (2002) bounds test we find that the impact of unobservable variables has to be greater than 50%-60% the impact of observable variables to show no discrimination. This bound seems to be a high number given that we have controlled for a comprehensive list of borrower credit risk variables that include their actual credit score and wealth. If the impact of unobservable variables is less than this bound, we have found a causal impact of race for African-American small business borrowers. We also find no causal impact of access to loans from financial institutions between Hispanic-owned and White-owned firms.
Lumping Hispanic-owned with African-American-owned firms as minority-owned firms is therefore not optimal. Our results are robust to three different causal inference methods, namely, propensity score matching, inverse probability weighting matching, and nearest neighbor matching. Finally, we find a similar expected loss of default between African-American-owned and White-owned firms. Finding higher credit risks, higher rejection rates and equal expected losses for African American-owned firms is consistent with the statistical or information-based theory of discrimination.
There are three possible legal remedies to deal with such disparate impact. The first is class action litigation. Finding a causal negative effect for access to loans from financial institutions for Ropiequet, Navaja, and Noonan (2013 ) p. 646-47. 18 Miller v. Countrywide Bank, N.A., id. 19 No. 08-cv-10157-RWZ, 2011 U.S. Dist. LEXIS 30713 (S. Mass. Mar. 21, 2011 , class decertified sub nom. Barrett v. Option One Mortg. Corp., No 08-cv-10157-RWZ, 2012 U.S. Dist. LEXIS 132775, at *13 (D. Mass. Sept. 18, 2012 ; see also Ropiequet, Navaja, and Noonan (2013) Ropiequet, Navaja, and Noonan (2013) p. 646-47. 22 Rodriguez, v. National City bank, 726 F. 3d 372, 377-82 (3rd Cir. 2013) at 151-53. 23 Id. evaluating this argument. f_bankrupt Dummy set to unity if in the past seven years the firm has declared bankruptcy, or if the firm in the past three years has had any business obligation due for 60 days or more, or has any business judgments rendered against them wealth Natural logarithm of net worth. SSBF has the value of net worth of the owner that excludes the value of her primary home and current business p_bankrupt Dummy set to unity if in the past seven years the business owner has declared bankruptcy, or if in the past three years has had any business obligation due for 60 days or more, or has any business judgments rendered against her education Highest level of education the borrower has received. 1=less than high school degree; 2=high school or GED; 3= some college but no degree; 4=associate degree occupational/academic; 5= trade school/vocational; 6= bachelors; 7=graduate and post graduate degree size KFS08 has the following categories for total assets: 1= $500 or less; 2= $501-$1,000; 3=$1,001$3,000; 4=$3,001-$5,000; 5=$5,001-10,000; 6=$10,001-$25,000; 7=$25,001-$100K; 8=$100,001-$1M; 9=$1,000,001 and more company Dummy variable set to unity if the business is set up as a corporation, and set to zero otherwise profit KFS08 has the following categories for both gross profit and loss of the business: 0=$0; 1= $500 or less; 2= $501-$1,000; 3=$1,001-$3,000; 4=$3,001-$5,000; 5=$5,001-10,000; 6=$10,001$25,000; 7=$25,001-$100K; 8=$100,001-$1M; 9=$1,000,001 and more. For each of them we use midpoint of each category and then take gross profits less losses (if any) to calculate net profits wealth KFS08 has the following categories for the net worth of the borrower: 1= negative or zero net worth; 2=41-$50K; 3=$50,001-$100K; 4=100,001-250K; 5=greater than $250K 
mid-tech
Dummy variable set to unity if the business is in 2-digit SIC codes consisting of petroleum and natural gas operations, cigarettes, miscellaneous textile goods, pulp mills and miscellaneous converted paper products, petroleum refining and miscellaneous petroleum and coal products, nonferrous rolling and drawing, ordnance and accessories, motor vehicles and equipment, aircraft and parts, guided missiles, space vehicles and parts, miscellaneous transportation equipment, computer and data processing services, engineering and architectural services, research and testing services, management and public relation, and services (not elsewhere classified), and set to zero otherwise 
